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Abstract
Text-based crude oil price forecasting is technically sophisticated and cross-domain, which
involves statistical methods, natural language processing (NLP) and machine learning. In the
framework of text-based crude oil forecasting, our work identifies some key factors from the
perspective of model uncertainty and investigate how these factors influence the crude oil
forecasting. To improve forecasting performance, we particularly focus on the challenge of
correctly modeling short and sparse text data. We design and employ two marketing indexes
based on text, which are systematically combined with other factors, yielding better forecasts.
Empirical experiments show that AdaBoost.RT with our proposed text index, with a more com-
prehensive view and characterization of the raw text data, outperforms the other benchmarks.
Another significant merit is that our method applied to other futures commodities yields good
forecasting performance.
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1. Introduction
Crude oil is also known as “industrial blood”. The industry currently relies heavily on the
supply of crude oil. Crude oil plays an important role in the global economic system. Therefore,
the accurate forecasting of the crude oil price is very important to ensure the stable development
of the global economic system.
Research has shown that the crude oil price is determined by supply and demand (Hagen, 2010;
Stevens, 2007). More importantly, price is influenced by extreme events, such as geopolitical
conflicts and natural disasters (Bernabe, Martina, Alvarez-Ramirez and Ibarra-Valdez, 2012;
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Ling, Wei, Yu and Wang, 2015). The historical crude oil price reflects the nonlinearity, uncer-
tainty, and dynamics of the price, making crude oil price forecasting a difficult task, and as a
result, the forecasting results have greater uncertainty, which may eventually cause significant
uncertainty in the returns of relevant investors and the stable development of the economic
system (Zhang, Zhang and Zhang, 2015).
Many attempts have been made on forecasting crude oil prices, which can be grouped into 2
categories. Traditional statistical methods, such as autoregressive integrated moving average
(arima) (e.g., Mohammadi and Su, 2010; Xiang and Zhuang, 2013) and generalized autoregres-
sive conditional heteroskedasticity (garch) (Hou and Suardi, 2012), have been widely used for
crude oil price forecasting. Recently, with the development of big data, an increasing number of
machine learning methods, such as support vector machines (SVMs) (e.g., Xie, Yu, Xu and Wang,
2006; Jun, Zhi-bin, Qiong et al., 2009), decision trees (e.g., Ekinci, Erdal et al., 2015; Gumus and
Kiran, 2017), and neural networks (e.g., Movagharnejad, Mehdizadeh, Banihashemi and Kord-
kheili, 2011; Moshiri and Foroutan, 2006), have been employed to forecast crude oil prices and
have produced comparable forecasting performance to that of traditional statistical methods.
Recently, the emergence of a large amount of user-generated content (UGC) has brought about
new challenges and opportunities to the field of forecasting. Methods for processing text data
have emerged in recent research (e.g., Berry and Castellanos, 2004; Aggarwal and Zhai, 2012;
Shriharir and Desai, 2015) and appear increasingly mature. Numerous studies have suggested
that the information extracted from the Internet can contribute to the prediction of financial
data (Demirer and Kutan, 2010; Kaiser and Yu, 2010). Online news is an important part of
UGC; it conveys the topics (Blei, Ng and Jordan, 2003) of the market change and sentiment
(Serrano-Guerrero, Olivas, Romero and Herrera-Viedma, 2015) of the public, which can be used
to quantify the changes in the public’s mood and the market. Therefore, to achieve greater
forecasting performance, a series of forecasting studies based on the text has been proposed,
which adopts the combination of textual and nontextual factors for forecasting. Wang, Yu and
Lai (2004) proposed a novel hybrid AI system framework utilizing the integration of neural
networks and rule-based expert systems with text mining. Yu, Wang and Lai (2005) proposed
a knowledge-based forecasting method, the rough-set-refined text mining (RSTM) approach,
for crude oil price tendency forecasting. Li, Shang and Wang (2018) combined some factors
(daily WTI futures contract prices traded on the New York Mercantile Exchange (NYMEX), US
Dollar Index (USDX) and Dow Jones Industrial Average (DJIA)) related to the crude oil price
and information such as topics and sentiment extracted from news headlines to forecast crude
oil price, yielding good forecasting performance. Internet searching has also been identified as a
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way of quantifying investor attention and helping forecast crude oil prices (Wang, Athanasopou-
los, Hyndman and Wang, 2018). Elshendy, Colladon, Battistoni and Gloor (2018) combined
the sentiment of four media platforms (Twitter; Google Trends; Wikipedia; and Global Data on
Events, Location, and Tone database) to forecast the crude oil price and improve forecasting
performance.
Petropoulos, Hyndman and Bergmeir (2018) explored three sources of forecasting uncertainty:
model, data and parameter uncertainty. Data uncertainty is the variation of the inherent random
component of the data itself. Model uncertainty is the uncertainty about the selection of the
optimal models. Parameter uncertainty is the choice of a set of parameters that best describes
the data itself. Box, Draper et al. (1987) pointed out that all models are wrong and selecting just
one of these maybe not enough. However, “some are useful” and the forecasting performance
will be improved if some methods are effectively combined together. What is different from
previous studies is that we want to identify some key factors influencing the text-based crude
oil forecasting from the perspective of model uncertainty. Further, we particularly focus on the
challenge of correctly modeling short and sparse text data to improve forecasting accuracy.
The key contributions of our research are as follows:
(1) We identify some key factors that influence the text-based crude oil forecasting from the
perspective of model uncertainty and comprehensively investigate how these key factors
affect the forecasting.
(2) We explore the design and employment of appropriate methods for modeling short and
sparse text data, which are systematically combined with other key factors, yielding better
forecasting performance.
In this article, we propose a framework for forecasting crude oil prices based on text. We identify
some key factors that influence crude oil forecasting from the perspective of model uncertainty.
A comprehensive investigation of how these key factors affect crude oil forecasting is carried
out. To improve the forecasting performance, we particularly focus on the key factors of text
modeling and explore the design and employment of appropriate methods for modeling short
and sparse text data. Two marketing indexes based on the text are systematically incorporated
with other key factors and yields better forecasting performance. Specifically, for short news
headlines, we use a topic model called SeaNMF to characterize the topic intensity of the market.
We consider time continuity for the construction of the sentiment index. Additionally, this
text-based forecasting method has been applied in other fields and performs well, which
demonstrates the versatility and robustness of our approach.
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The rest of the article is organized as follows. Section 2 introduces preliminaries for our text-
based crude oil price forecasting. Section 3 presents a framework of text-based crude oil price
forecasting. In Section 4, we identify some key factors influencing crude oil forecasting from the
perspective of model uncertainty and investigate how these factors affect forecasting. Last, we
systematically incorporate our two market indexes into our forecasting framework and improve
forecasting performance. Section 5 applies the text-based crude oil price forecasting method to
other commodity data. Section 6 gives some discussions and Section 7 concludes the article and
proposes some directions for future research.
2. Preliminaries
2.1. Text mining related technology
2.1.1. Word embedding by GloVe pretrained model
Preprocessing is a fundamental step in text mining, including word tokenization, stop-word
filtering and word embedding. The purpose of word tokenization and stop-word filtering
is to transform the text into a collection of words after deleting the unimportant ones. In
short, word embedding is a dimension reduction technique that maps high-dimensional words
(unstructured information) to low-dimensional numerical vectors (structured information). In
other words, word embedding aims to convert documents into mathematical representations
as computer-readable input, and thus is an essential and fundamental work for text analysis
problems.
The most intuitive word vector representation method is one-hot encoding. For a text containing
k words, each word can be encoded into a vector of length k, in which only one component is 1,
and the remaining components are 0. One obvious shortage is that if the number of words in
the text is very large, then this method is computationally inefficient. In addition, this naive
encoding method may leads to sparsity problem.
To address the sparsity problem, an unsupervised learning algorithm called Global Vectors for
Word Representation (GloVe) developed by Pennington, Socher and Manning (2014) of Stanford
University is employed for our word embedding. The goal of GloVe is to find a matrix and
project the one-hot vector into a low-dimensional space, that is, multiply the one-hot vector by
the matrix to get a denser vector representation. Due to the fact that GloVe uses the global and
local statistical information of the words to generate a vectorized representation of the language
model and words, it is a widely used and very popular word vector representation in the field of
natural language processing.
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GloVe considers the co-occurrence relationship of words to construct the embedding matrix. We
define Xij as the number of times word j appears in the context of word i. Xi =
∑
kXik is the
sum of the number of times any word appears in the context of word i. Pij = P (j |i) = Xij /Xi is
the probability that word j appears in the context of word i. The co-occurrence probability is
defined to calculate the vector representation of word w˜k when word wi and wj are given:
F
(
wi ,wj , w˜k
)
=
Pik
Pjk
. (1)
We expect to maintain the linearity of F during the embedding process, so we rewrite F as:
F
(
wi ,wj , w˜k
)
= F
((
wi −wj
)T
w˜k
)
=
F
(
wTi w˜k
)
F
(
wTj w˜k
) = Pik
Pjk
. (2)
When F is an exponential function, this relationship is satisfied, that is F(x) = exp(x), and
wTi w˜k = log(Pik) = log(Xik)− log(Xi) . (3)
Since log(Xi) is a constant term with respect to k, it can be written as two bias terms, and
formula 3 is changed to:
wTi w˜k + bi + b˜k = log(Xik) . (4)
At this time, w and b form an embedding matrix.
2.1.2. SeaNMF for short and sparse text topic modeling
The latent Dirichlet allocation (LDA) model is widely used in text mining and makes the
generative assumption that a document belongs to a certain number of topics (Blei et al., 2003;
Mazarura et al., 2015). However, the LDA model is sensitive due to the sparse, noisy and
ambiguous of short texts. Inferring topics from short texts has become a critical but challenging
task (e.g., Chen, Jin and Shen, 2011; Jin, Liu, Zhao, Yu and Yang, 2011; Mazarura et al., 2015;
Qiang, Chen, Wang and Wu, 2017).
Shi, Kang, Choo and Reddy (2018) proposed a semantics-assisted non-negative matrix factoriza-
tion (SeaNMF) model to discover topics from short texts. They used skip-gram algorithm to
extract the relationship between words and context from the corpus and successfully associated
this semantic information with non-negative matrix factorization model. They experimented
with Tag.News, Yahoo.Ans and other short text datasets and achieved better results than the
LDA topic model did.
Given a corpus with N documents and M words, we build a SeaNMF model. From the corpus,
we can obtain the word-document matrix A and the word-context matrix S. A ∈ RM×N+ and each
5
column of A is the word representation of one document in terms of M words. Each element
in S is the co-occurrence probability of word-context pairs obtained through skip-gram and
negative sampling. Our goal is to find lower-rank representations of matrices A and S: latent
matrix W of words, latent matrix Wc of context, and latent matrix H of document, s.t A =WHT ,
S =WW Tc . The relationship among W, Wc and H is as Fig. 1:
Fig. 1. The relationship among W, Wc and H in SeaNMF.
W, Wc, and H are updated in each calculation. For more details, please refer to Shi et al. (2018).
We pay more attention to the matrix H, because it contains the weight distribution information
of each document on different topics.
2.2. Time series related technology
2.2.1. Order selection for multivariate time series
Dependence within and across the series is widely used for time series modeling. In univariate
autoregression, it is assumed that the current value of the series depends on the previous
value. While for VAR (Vector Autoregressive), it takes both dependence into consideration when
modelling. It can capture the interrelationship among multiple stationary time series. The
general VAR (p) is as follows:
yt = ν +A1yt−1 + · · ·+Apyt−p +ut , (5)
where yt = (y1t , . . . , yKt)
′ is a (K × 1) random vector, the Ai are fixed (K ×K) coefficient matrices,
ν = (ν1, . . . ,νK )
′ is a fixed (K × 1) vector of intercept terms allowing for the possibility of a
nonzero mean E (yt) . Finally, ut = (u1t , . . . ,uKt)
′ is a K-dimensional white noise process, that is,
E (ut) = 0,E (utu′t) = Σu and E (utu′s) = 0 for s , t.
Combined with some information criterions, such as AIC, SIC, HQ, etc., the lag of each time
series can be found (Lu¨tkepohl, 2005). AIC is suitable for small samples, and SIC performs well
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in large samples, according to Ivanov and Kilian (2005). So we choose the SIC criterion to help
find the optimal lag in this paper.
SIC(p) = ln |Σ¯(p)|+ lnN
N
(
K2p
)
. (6)
HQC(p) = ln |Σ¯(p)|+ 2lnlnN
N
(
K2p
)
. (7)
AIC(p) = ln |Σ¯(p)|+ 2
N
(
K2p
)
. (8)
Where K is the dimension of the VAR, and N is the sample size. Σ¯(p) is the quasi-maximum
likelihood estimate of the innovation covariance matrix Σ(p). We aim to choose a lag p that
minimizes the value of the criterion function.
2.2.2. Time series regression
One common method for forecasting multivariate time series is to convert the forecasting
problem into a regression problem. We take a simple example to illustrate this method. Given
an endogenous variable Y with a lag of 2 and an exogenous variable X with a lag of 4, we aim to
use these lag values to predict Y. First, we obtain 4 and 2 copies of X and Y respectively. Then
we shift the copies of X and Y as shown in the left part of Fig. 2, remove the rows where the
null values exist, and get the data set of the regression model. Finally, the 2 lags of Y are also
included in the independent variables, and the regression equation of the independent variable
Y can be written as formula 9.
Yt = f (Yt−1,Yt−2,Xt−1,Xt−2,Xt−3,Xt−4). (9)
2.3. Machine learning related technology
2.3.1. RFE for feature selection
Recursive Feature Elimination (RFE) is a commonly used feature selection algorithm. In python,
we can implement RFE through the sklearn library. RFE is a wrapper, including the number of
features and core functions. Given the number of features, the core functions of RFE are fitted
to rank the features according to their importance. After removing the least important feature,
the model is refitted. The process repeats until the number of features we specify is retained
(Guyon, Weston, Barnhill and Vapnik, 2002). Given a data set containing k features, and F is a
feature set with all features initially. The specific steps of RFE are as follows:
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Fig. 2. A toy example illustrates how to change multivariate time series into regression problem. We use daily data
as our example. In this model, the observations Yt of today can be predicted by the observataions of the past 4 and 2
days of X and Y respectively. Technically, when predicting Yt , we use the observed values of Yt moving back by two
days and the observed values of Xt moving back by 4 days as features.
Step 1. Repeat for p = 1,2, ..., k:
Step 2. % Do the RFE procedure.
Repeat for i = 1,2, ...,k− p:
Train a regression model with F;
Rank F according to the feature importance;
f ∗← the least important feature in F;
F← F− f ∗;
% p important features remain in F after this step.
Step 3. Compute rmse, mae, mape for model with F.
Step 4. Choose the model corresponding to the minimum mean of the three indicators.
The formulas of the three indicators (rmse, mae, mape) are as follows:
rmse =
√
1
n
n∑
i=1
(yˆi − yi)2. (10)
mae =
1
n
n∑
i=1
∣∣∣yˆi − yi ∣∣∣ . (11)
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mape =
100%
n
n∑
i=1
∣∣∣∣∣ yˆi − yiyi
∣∣∣∣∣ . (12)
In Equation10, 11, and 12, yˆi is the predicted value and yi is the true value.
2.3.2. AdaBoost.RT
AdaBoost.RT, as an ensemble method for regression, can improve single-variable forecasting
accuracy (Solomatine and Shrestha, 2004). AdaBoost was originally designed as a classification
algorithm, and Solomatine and Shrestha (2004) proposed AdaBoost.RT to forecast time series
based on AdaBoost. Its main objective is to map the forecasting problem into a binary classi-
fication problem. AdaBoost.RT combines several weak classifiers to form a strong classifier,
which can output the forecasting results through adjustment of thresholds and multiple rounds
of iterative calculation. Given the features X and dependent variable Y of the data set, we
implement AdaBoost.RT through the following steps:
Step 1. Initialize T weak learners, each with a weight of 1/T . The weight distribution of these
weak learners is Dt = (1/T ,1/T , ...,1/T ). The maximum number of iterations is set to N.
Step 2. Repeat for i = 1,2, ...,N :
Fit regression equation ft(X)→ Y for each weak learner;
Calculate error rate between ft(X) and Y ;
Update Dt according to the error rate;
Step 3. F(X)←∑tDt ×weaklearnert
3. Text-driven crude oil price forecasting
The purpose of this study is to establish a time-series forecasting framework based on text
features. Relevant studies about text-based forecasting have shown promising results. Topic
and sentiment information can be extracted from a large number of futures-related news
items through text mining. Then, the text-related features can be used for covariates to make
predictions. The specific implementation process is shown in Fig. 3. We also need to answer the
following two questions:
(1) Why headlines instead of news? The news headline itself is a summary of the news
content. News headlines can be considered to contain most of the news information.
(2) Why futures news instead of crude oil news? There are two reasons for this choice of
news. First, we tried to collect crude oil news but only obtained approximately 2,000.
The use of futures news has expanded the text dataset approximately ten times. Second,
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relevant studies have proven that there are complex correlations among futures prices
such as gold, natural gas, and crude oil prices. Sujit and Kumar (2011) argues that
fluctuations in gold prices will affect the size of the WTI index. For different countries,
their dependence on crude oil (import or export) will affect their currency exchange rate
and then affect people’s purchasing power for gold. In the market, if the supply-demand
relationship changes, then the price of gold will change accordingly. Villar and Joutz
(2006) notes that a 1-month temporary shock to the WTI of 20 percent has a 5-percent
contemporaneous impact on natural gas prices.
Considering that news headlines are short texts, we convert each headline into a 50-dimensional
word vector, which is ready to be used as input for the extraction of the topic intensity index
and the sentiment index.
3.1. Construction of daily topic intensity for future market
Following the instructions of (https://github.com/tshi04/SeaNMF), we obtain the topic
weight distribution of each headline, from which we can calculate the probability that each
headline belongs to each topic. To select the number of topics, the pointwise mutual information
(PMI) score is calculated (Quan, Kit, Ge and Pan, 2015). Given a set of topic numbers, PMI can
evaluate the effectiveness of the model and choose the optimal number of topics. Because the
media publishes a lot of news every day, we calculate the average weight of news as the topic
intensity of the day. The topic intensity index of the t-th day is defined as follows:
TIit =
1
Nt
n∑
j=1
DTij, (13)
where Nt is the number of news in one day, TIit is the ith-topic intensity index of the t-th day;
DTij is the weight of j-th news of i-th topic in t-th day.
3.2. Construction of a novel daily sentiment intensity considering time continuity
With the development of Internet media, people have more channels to publish and read text
messages. These texts contain different sentiments and author attitudes. Taking futures-related
news as an example, the positive and negative sentiments contained in the news often affect
people’s judgment on the value of futures, which is reflected in the fluctuation of futures prices.
Sentiment analysis is a key technology for text mining. It uses computer linguistic knowledge
to identify, extract, and quantify sentiment information in the text. The sentiments in the news
mainly include positive, neutral, and negative. TextBlob (https://textblob.readthedocs.io/
en/dev/), as a python library that can handle a variety of complex NLP problems, is widely used
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to calculate the sentiment score of one piece of news. TextBlob has a huge built-in dictionary.
When calculating the sentiment polarity of a sentence, it traverses all the words in the sentence
and averages them through the labels of the dictionary to calculate the sentiment score. TextBlob
is quite simple to use, and can effectively deal with the modifiers and negative words in the
sentence, so it’s an effective tool for many studies (e.g. Kaur and Sharma, 2020; Kunal, Saha,
Varma and Tiwari, 2018; Saha, Yadav and Ranjan, 2017). The sentiment scores range from -1 to
1, and the smaller the value is, the more negative, and vice versa. By averaging the sentiment
scores of all news headlines in one day, we can obtain the sentiment intensity of this day.
SVt =
1
Nt
Nt∑
i=1
PVit , (14)
where PVit represents the sentiment value of the i-th news items on the t-th day, and Nt is
the number of news items published on the t-th day. The SVt refers to the average sentiment
intensity of the t-th day.
However, the impact of news on people’s sentiment is often continuous in the actual futures
market. That is, on a specific day, public sentiment is the result of the combination of the news
on this day and that in the previous few days, except that the current news is more influential
than is the old news. Given this complex situation, it is assumed that the impact of news on
public sentiment is exponentially attenuated. Considering the sentiment continuity, we design
a sentiment index (SI) e−m7 with reference to Xu and Berkely (2014). SI is exponentially declining,
which is in line with the actual situation of news impact. Assume that a piece of news has
the strongest impact on crude oil prices for the next seven days. m represents the number
of days after the news release. On the day of the news release, m = 0, SI = e− 07 = 1 ; when
m = 1,SI = e− 17 = 86.69%, the following SIs are 75.15%,65.14%, ....
The sentiment intensity on the t-th day is the sum of the SV on the t-th day and the SVs in the
previous days.
SIt =
t−1∑
i=1
e− t-i7 SVi + SVt. (15)
SIt is the sentiment intensity of the t-th day. e−
t-i
7 SVi is the sentiment impact of the i-th day on the
t-th day.
The sentiment intensity we designed has the following key innovations:
(1) The cumulative effect of sentiment is considered. In addition to the news of the release
day, the sentiment of this day will also be affected by the news of the previous days, which
is more in line with the actual situation;
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(2) The diminishing effect of sentiment is considered. With the continuous release of news,
people will gradually forget the early news information, and the influence of the early
news will be weakened.
3.3. The general framework of text-based crude oil price forecasting
Fig. 3. The framework of crude oil price forecasting.
Fig. 3 shows our forecasting framework. We want to emphasize that our research focuses on
point forecasting rather than trend forecasting compared with Li et al. (2018). We particularly
focus on the design and employment of appropriate methods for modeling short and sparse text
data.
The text-based crude oil forecasting includes three parts:
1. News headlines mining: the news headlines are first preprocessed, including word
segmentation, stop words filtering, stem extraction, etc. Then we use GloVe to do word
embedding for the clean texts and get the word vector matrix. Subsequently, topic
modeling and sentiment analysis are used to calculate the topic intensity and sentiment
intensity.
2. Order selection: we do first-order difference processing for non-stationary time series.
We respectively model the interrelationship between each exogenous series with crude oil
price series with VAR and obtain the optimal lag. Then we covert multivariate time series
forecasting into regression problem based on these optimal lags.
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3. Feature selection and forecasting: we use RFE to select the optimal features when con-
structing the forecasting model. By building a variety of models and comparing rmse, mae,
and mape, we choose the model that performs best.
4. Application to crude oil price data
4.1. Data collection and description
Investing.com is a world-renowned financial website that provides real-time information and
news about hundreds of thousands of financial investment products, including global stocks,
foreign exchange, futures, bonds, funds, and digital currency, as well as a variety of investment
tools. We collected 28,220 news headlines through the futures news column on Investing.com as
the text data of this study.
We collected oil price daily data from March 29, 2011, to March 22, 2019, on this website, and
the news collected also covered this period. The selected base oil is West Texas Intermediate
(WTI) crude oil, which is a common type of crude oil in North America. WTI crude oil has
become the benchmark of global crude oil pricing due to US military and economic capabilities
in the world.
4.2. Key factors specifications from the perspective of model uncertainty
We attempt to answer the question “why the text-based crude oil forecasting works”? Due to
time and energy limitation, we just identify some key factors from the perspective of model
uncertainty. Specifically, we select some key factors regrading to the sentiment analysis, topic
modeling, and regression models. Thus, the experimental process includes the comparison of
the multiple models based on these factors.
Fig. 4. Key factors specifications from the perspective of model uncertainty.
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Table 1. Description of the other five forecasting methods
Method Description
rf rf is a bagging technology that trains multiple decision trees in parallel and outputs the
average prediction results of these trees (Liaw, Wiener et al., 2002).
svr The purpose of svr is to find the optimal decision boundary so that the data points are closest
to the hyperplane or the support vectors are all within the boundaries (Drucker, Burges,
Kaufman, Smola and Vapnik, 1997).
arima arima is a well-known time series forecasting model. It is a linear equation whose predictors
include the lags of the dependent variable and the lags of the forecasting errors (Contreras,
Espinola, Nogales and Conejo, 2003).
arimax arima is suitable for univariate time series forecasting, while arimax performs well on
multivariate analysis (Hyndman, 2010).
(1) In the part of sentiment analysis, we focus on the construction of sentiment intensity.
We choose a widely used sentiment index integrated in TextBlob. We also design a novel
sentiment intensity considering time continuity for comparison and improving forecasting
performance.
(2) In the part of topic modeling, we compare LDA with SeaNMF designed for short and spare
news headlines.
(3) The regression models have been introduced separately in Table 1.
4.3. LDA versus SeaNMF topic analysis for short and sparse news headlines
The PMI score is used to compare the effect of LDA and SeaNMF topic models. The higher
the PMI score is, the better the effect of the model. We set k from 2 to 10 to calculate the
PMI scores in turn. The blue line in Fig. 5 represents the PMI value of the SeaNMF, and the
black line represents the PMI value of the LDA. It can be seen from the figure that the PMI
value of SeaNMF is generally higher than that of LDA and relatively stable. This shows that
SeaNMF is better than LDA in extracting topics from news headlines. When k = 4, the PMI
value of SeaNMF is the highest, indicating that the model works best when the number of topics
is 4. As the number of topics increases, the PMI value of LDA shows a decreasing trend and
fluctuates greatly. Therefore, we will no longer consider using LDA to extract topics in following
experiments.
We select the top 10 keywords from each topic of SeaNMF, as shown in Table 2. From the
keywords of the four topics, we can see that the SeaNMF model can indeed extract different
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topics from the text. The bold font shows that the four topics can be approximately summarized
as crude oil, gold, natural gas, and new energy.
Fig. 5. Comparison of the SeaNMF and the LDA for short and sparse news headlines.
Table 2. Top 10 keywords of 4 topics for SeaNMF model
Topic Keywords
1 oil crude u.s prices data supply opec asia ahead gains
2 gold prices fed asia dollar u.s data ahead gains higher
3 futures gas natural u.s weekly outlook data low weather supply
4 exclusive says energy new sources trump billion coal pipeline saudi
4.4. Order selection
After calculating the topic intensity and sentiment intensity, we obtain six time series, including
topic 1 to topic 4, sentiment intensity, and crude oil price. Then, we respectively model the
interrelationship between each exogenous series with crude oil price series with VAR and obtain
the optimal lag. The results are shown in Table 3, in which dprice means that the original price
series is non-stationary, and changes to stationary after the first order difference. polarity is the
sentiment intensity. All the series are shown in Fig. 6, and the description of them are listed in
Table 4. We can write the regression equation in the following form:
dpricet =f (dpricet−1,dpricet−2,dpricet−3, topic1t−1, ..., topic1t−7,
topic2t−1, ..., topic2t−7, topic3t−1, ..., topic3t−7,
topic4t−1, ..., topic4t−7,polarityt−1, ...,polarityt−7).
(16)
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Table 3. Lag of 6 time series related to crude oil
Time Series topic 1 topic 2 topic 3 topic 4 polarity dprice
SIC -13.0595 -13.4605 -12.9977 -13.4579 -14.3271 -8.5941
Lag 7 7 7 7 7 3
Fig. 6. Time series of crude oil price and text features.
Table 4. Description of 6 time series
topic 1 topic 2 topic 3 topic 4 polarity dprice
mean 0.3743 0.2835 0.1157 0.2264 0.5077 0.5477
median 0.3559 0.2885 0.0723 0.2175 0.5763 0.5505
std 0.1330 0.0925 0.1341 0.1587 0.0601 0.0748
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4.5. Feature selection and forecasting
The time series is divided into a training set and a test set, and fixed-window prediction is
performed, as shown in Fig 7. That is, the training set is used to train a regression model to
forecast the test set data.
Fig. 7. The data in the training set are from March 29, 2011, to July 23, 2016, and the data in the test set are from
July 23, 2016, to March 22, 2019.
After obtaining the lags of the time series, it is intuitive to regard these lag values as independent
variables and oil price series as dependent variables to train the regression model. We use RFE to
select features and random forest regression (rf ), support vector regression (svr), autoregressive
integrated moving average (arima), autoregressive integrated moving average with explanatory
variable (arimax), the method from Li et al. (2018) (svr-Li) and AdaBoost.RT (ada) to fit the crude
oil price data and complete forecasting on the test set. svr-Li is a forecasting model based on svr
that combines multi-source text and financial features (Li et al., 2018). At the same time, the
rmse, mae, mape between the model with and without text features are compared. Some brief
introductions have been listed in Table 1.
We have completed one-step, two-step, and three-step predictions, and fitted different models
at different horizons.
Table 5. Forecasting results of multiple methods based on these key factors for crude oil over h=1, 2 and 3.
Model
Number of h=1 Number of h=2 Number of h=3
features rmse mae mape features rmse mae mape features rmse mae mape
rf
no text 2 0.0743 0.0553 0.1028 3 0.0731 0.0546 0.1022 2 0.0748 0.0566 0.1053
textblob 36 0.0614 0.0451 0.0858 16 0.0632 0.0477 0.0893 8 0.0653 0.0492 0.0927
our method 28 0.0614 0.0449 0.0848 37 0.0632 0.0412 0.0887 16 0.0641 0.0471 0.0890
svr
svr-Li 4 0.1135 0.0956 0.2860 5 0.1133 0.0948 0.2844 2 0.1173 0.0974 0.2950
no text 2 0.1110 0.0999 0.1764 2 0.1111 0.1001 0.1765 2 0.1116 0.1000 0.1761
textblob 15 0.0563 0.0396 0.0748 29 0.0571 0.0407 0.0776 29 0.0581 0.0420 0.0792
our method 16 0.0564 0.0393 0.0744 20 0.0577 0.0416 0.0784 18 0.0581 0.0418 0.0794
arima(x)
no text – 0.0565 0.0394 0.0850 – 0.0565 0.0394 0.0750 – 0.0565 0.0394 0.0750
textblob 23 0.0573 0.0409 0.0772 2 0.0565 0.0395 0.0751 15 0.0566 0.0396 0.0753
our method 4 0.0565 0.0395 0.0750 2 0.0565 0.0394 0.0750 2 0.0564 0.0394 0.0749
ada
no text 2 0.0572 0.0398 0.0753 3 0.0566 0.0398 0.0752 3 0.0577 0.0415 0.0785
textblob 29 0.0560 0.0390 0.0737 13 0.0565 0.0398 0.0752 5 0.0563 0.0395 0.0749
our method 8 0.0559 0.0389 0.0737 38 0.0563 0.0394 0.0751 2 0.0565 0.0397 0.0751
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Table 6. Parameters of arima for crude oil
Model p, d, q (h=1) p, d, q (h=2) p, d, q (h=3)
no text (4,0,3) (2,2,2) (3,2,3)
textblob (2,0,1) (1,2,3) (2,1,1)
our method (4,1,3) (2,2,2) (1,2,3)
The results in Table 5 illustrate the forecasting and comparison results at horizons one, two,
and three. In this table, models named no text are without any text features; models named
textblob contain text features and use the TextBlob calculation results directly as the sentiment
intensity; models named our method contain text features, and the cumulative effect of sentiment
is considered, that is, the sentiment intensity we designed are used in these models. For arima
model, we list the parameters in Table 6. From the above results, we can draw conclusions:
(1) Text vs no text. For rf, svr, and ada, our method performs better, which also proves that the
attempt to add text features to the forecasting model is successful. On the contrary, for
arima, text features are unlikely to improve prediction accuracy.
(2) Our sentiment intensity vs TextBlob. By comparing the results of textblob and our method,
we find that our method is superior to the textblob model in terms of mae and mape. This
shows that the sentiment intensity we designed is better than the calculation result of
using TextBlob alone.
(3) Our method vs svr-Li. svr-Li is a forecasting model that contains multi-source text and
financial features. Our experimental results show that the features selected by this model
are significantly less than other text-based models, which implies that more irrelevant
features have been introduced in the construction of svr-Li, and the prediction results are
not that good.
(4) Model recommendations. The performance of ada is generally better than the other
models. As the forecasting horizon size increases, arima begins to show relatively stable
forecast characteristics. Considering that our method performs well when h = 1, we
recommend using it for short-term forecasting. As h increases, users may compare our
method and arima to choose the better one.
The text features selected by our method are listed in the Appendix 7, from which we can learn
the preferences of different models for features. Due to the limited space, we only list the
features when h = 1.
A more intuitive comparison of the results can be observed from Fig. 8.
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Fig. 8. Investigation on how these key factors influence text-based crude price forecasting.
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4.6. DM significance tests
First, we want to verify that if our method is really superior to other methods. We carry out
Diebold-Mariano (DM) test (Harvey, Leybourne and Newbold, 1997) to explore that if regression
models combined with our proposed text index are significantly better or worse than methods
with commonly used TextBlob and svr-Li (Li et al., 2018). The null hypothesis is that the two
methods have the same forecast accuracy. The alternative hypothesis is that our method is less
or more accurate than the standard method. Given a significance level α (eg,. 5%), if the DM
test statistic falls in the lower or upper 2.5% tail of a standard normal distribution, we reject the
null hypothesis. The DM test is implemented using forecast::dm.test() in R.
Table 7. The entries show the p-values of DM tests that regression models combined with our proposed text index
are better or worse than methods with commonly used textblob and state-of-the-art svr-Li (Li et al., 2018) over h=1, 2
and 3. If p-value <2.5%, we reject the null hypothesis and the number is bolded.
svr-Li textblob
h=1 h=2 h=3 h=1 h=2 h=3
our text index
rf better 0.9539 1.0000 1.0000 0.4632 0.4428 0.9667
rf worse 0.0461 0.0000 0.0000 0.5368 0.5572 0.0333
our text index
svr better 0.0000 0.0003 0.0008 0.3090 0.0231 0.1587
svr worse 1.0000 0.9997 0.9992 0.6909 0.9768 0.8413
our text index
arimax better 0.0000 0.0000 0.0000 0.9138 0.9978 0.6331
arimax worse 1.0000 1.0000 1.0000 0.0862 0.0022 0.3669
our text index
ada better 0.0000 0.0000 0.0000 0.6661 0.9979 0.9922
ada worse 1.0000 1.0000 1.0000 0.3339 0.0021 0.0078
We can observe that
(1) Regression methods such as svr, arimax and ada combined with our proposed index are
significantly better than svr-Li (Li et al., 2018), indicating our methods use fewer features
(only text features and no financial features), yielding better forecasts.
(2) Except for svr, regression methods combined with our proposed text index are not signifi-
cantly better than methods with textblob.
(3) Results also show that except for ada, our methods are also not significantly worse than
methods with textblob.
Next, we want to validate if ada with our proposed text index is significantly better than other
regression methods. We conclude that
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(1) ada combined with our proposed text index is better than other regression models except
for arimax.
(2) However, it is interesting that ada is significantly worse than arimax for all horizons.
Table 8. The entries show the p-values of DM tests that ada combined with our proposed text index are better or
worse than regression methods over h=1, 2 and 3. If p-value <2.5%, we reject the null hypothesis and the number is
bolded.
our text index+ada
h=1 h=2 h=3
our text index
rf better 0.0000 0.0000 0.0000
rf worse 1.0000 1.0000 1.0000
our text index
svr better 0.0005 0.0000 0.0000
svr worse 0.9995 1.0000 1.0000
our text index
arimax better 0.7418 0.9932 0.9644
arimax worse 0.2582 0.0068 0.0355
5. Application to natural gas and gold price data
In section 3, we briefly discussed the relationships among the three futures prices of crude oil,
natural gas, and gold based on previous research. The text dataset for this article comes from
Investing.com and includes news headlines related to these three futures. Since our method based
on these news headlines can forecast crude oil prices pretty well, it’s intuitive that it can also be
migrated to other application scenarios. That is, our method may be used to forecast the prices
of natural gas and gold.
5.1. Application to natural gas price data
Table 9. Lag of 6 time series related to natural gas
Time Series topic 1 topic 2 topic 3 topic 4 polarity dprice
SIC -12.4214 -12.8220 -12.3614 -12.8161 -13.6855 -7.9601
lag 7 7 7 8 7 3
Analogously, we first calculate the lag of the natural gas-related time series, as shown in Table 9.
svr-Li and textblob models are no longer considered in this scenario. From Table 10, conclusions
similar to those in Section 4.5 can be obtained. The parameters of arima are listed in Table 11. A
more intuitive comparison of the results can be observed from Fig. 9.
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Fig. 9. Investigation on how these key factors influence text-based natural gas price forecasting.
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Table 10. Forecasting results of multiple methods based on these key factors for gas oil over h=1, 2 and 3.
Model
Number of h=1 Number of h=2 Number of h=3
features rmse mae mape features rmse mae mape features rmse mae mape
rf
no text 2 0.0642 0.0407 0.1236 2 0.0644 0.0425 0.1340 2 0.0662 0.0435 0.1340
our method 18 0.0583 0.0373 0.1057 30 0.0614 0.0388 0.1246 31 0.0633 0.0408 0.1291
svr
no text 2 0.0581 0.0343 0.1262 2 0.0584 0.0352 0.1230 2 0.0592 0.0357 0.1237
our method 5 0.0582 0.0348 0.1220 7 0.0582 0.0349 0.1223 4 0.0580 0.0347 0.1226
arima
no text – 0.0581 0.0348 0.1224 – 0.0581 0.0348 0.1223 – 0.0581 0.0348 0.1223
our method 36 0.0587 0.0352 0.1238 15 0.0581 0.0347 0.1226 26 0.0585 0.0353 0.1232
ada
no text 3 0.0578 0.0343 0.1159 3 0.0592 0.0358 0.1238 2 0.0593 0.0361 0.1245
our method 12 0.0566 0.0342 0.0855 9 0.0583 0.0349 0.1220 2 0.0582 0.0347 0.1233
Table 11. Parameters (p, d, q) of arima for natural gas
Model h=1 h=2 h=3
no text (3,0,3) (3,0,4) (3,0,1)
our method (2,1,3) (1,1,1) (1,2,3)
5.2. Application to gold price data
Table 12. Lag of 6 time series related to gold
Time Series topic 1 topic 2 topic 3 topic 4 polarity dprice
SIC -12.6794 -12.6277 -12.6198 -13.0770 -13.9493 -8.2163
lag 7 7 7 7 7 4
The parameters of arima are listed in Table 14. A more intuitive comparison of the results can
be observed from Fig. 10.
The experimental results in Section 5.1 and Section 5.2 prove that the our method can also
be used to predict the price of natural gas and gold, which again verifies the conclusion of
Section 4.5.
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Fig. 10. Investigation on how these key factors influence text-based gold price forecasting.
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Table 13. Forecasting results of multiple methods based on these key factors for gold over h=1, 2 and 3.
Model
Number of h=1 Number of h=2 Number of h=3
features rmse mae mape features rmse mae mape features rmse mae mape
rf
no text 2 0.0567 0.0400 0.0613 3 0.0543 0.0387 0.0592 3 0.0570 0.0406 0.0623
our method 31 0.0468 0.0323 0.0500 34 0.0492 0.0346 0.0537 30 0.0504 0.0351 0.0544
svr
no text 2 0.0436 0.0290 0.0442 2 0.0462 0.0308 0.0468 2 0.0470 0.0318 0.0484
our method 3 0.0432 0.0282 0.0435 3 0.0452 0.0296 0.0456 3 0.0455 0.0303 0.0462
arima
no text – 0.0449 0.0293 0.0451 – 0.0449 0.0292 0.0450 – 0.0449 0.0293 0.0451
our method 24 0.0452 0.0298 0.0457 2 0.0449 0.0293 0.0451 25 0.0454 0.0300 0.0465
ada
no text 3 0.0440 0.0287 0.0443 2 0.0446 0.0293 0.0450 3 0.0456 0.0297 0.0458
our method 5 0.0431 0.0287 0.0441 4 0.0446 0.0292 0.0450 15 0.0449 0.0293 0.0452
Table 14. Parameters (p, d, q) of arima for gold
Model h=1 h=2 h=3
no text (4,1,3) (4,1,3) (2,1,1)
our method (3,2,1) (2,0,1) (3,2,4)
6. Discussion
Text-based crude oil forecasting has attracted substantial attention in the forecasting community.
As it involves statistical methods, natural language processing (NLP) and machine learning,
text-based crude oil forecasting is technically sophisticated and cross-domain. Due to systematic
complexity, issues regarding how to properly apply text-based forecasting are seldom addressed
in the field of crude oil.
The forecasting framework based on the text for crude oil is in line with the work in Li et al.
(2018), where they combined some financial variables related to the crude oil price and informa-
tion such as topics and sentiment extracted from news headlines to forecast crude oil price and
yielded good trend forecasting performance. However, our research focuses on crude oil price
forecasting rather than trend. Moreover, compared with their research, our method produces a
more accurate forecast with fewer features as we don’t introduce any financial factors to our
forecasting method.
We identify some key factors from the perspective of model uncertainty and investigate how
these key factors influence the crude oil forecasting. Due to time and energy limitations, our
work just particularly focuses on the identification of the key factors regrading to the sentiment
analysis, topic modeling, and regression analysis. In the future, some other factors such as text
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preprocessing methods word embedding and time series analysis methods can be further taken
into consideration.
To improve forecasting performance, we particularly focus on the challenge of correctly model-
ing short and sparse data.
(1) We employ GloVe instead of the bag of words during word embedding as GloVe’s pretrained
model makes full use of massive corpus information, retains more semantic relationships,
and saves considerable time while bag of words focuses more on syntax than on semantics.
(2) For short and sparse news headlines, a widely used topic method called SeaNMF is
employed to characterize the topic intensity of the market.
(3) Taking the time continuity into consideration, we propose a novel sentiment intensity for
characterizing the sentiment of the market. The impact of most news events is continuous.
We no longer calculate the sentiment value of the news text of each day separately but
rather design an index based on the continuity of news, including the cumulative and
diminishing effect of sentiment. This approach is closer to the actual situation.
These two marketing indexes based on the text are systematically combined with other key
factors and produce more accurate forecasts. DM significance tests show that regression models
such as svr, arimax and ada combined with our proposed text indexes are significantly better than
state-of-the-art svr-Li (Li et al., 2018), indicating our methods use fewer features and produces
better forecasts. Also, results show our method is not significantly worse than methods combined
with TextBlob. We further verify the superiority of ada combined with our proposed text index
with others.
Another significant merit is that our method applied to other futures commodities and yields
good forecasting performance, reflecting the scalability and robustness of our text-based fore-
casting framework. Due to the use of futures-related news headlines as an experimental training
corpus, our method also obtains the expected good results in forecasting the prices of natural
gas and gold. The research framework of this article can also be transferred to other fields. For
example, the news text features of listed companies can be added to the model to enhance the
accuracy of its stock price prediction.
We make our code publicly available at https://github.com/BaiyunBuaa/2020Crude_oil_
code. Making it open-source can enrich the toolboxes of forecasting support systems and offer
another competitive forecasting tool for the crude oil forecasting.
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7. Concluding remarks
Inspired by their work (Li et al., 2018), who proposed a deep learning approach for forecasting
and added various text and financial features to the forecasting model. Our research attempts
to identify some key factors from the perspective of model uncertainty and investigate how
these factors influence the forecasting performance. We have reproduced their experimental
process, studied their ideas in depth, and proposed some modifications and innovations. To
improve forecasting performance, we particularly focus on the modeling for sparse and short
news headlines. Two novel indexes based on text are combined with other factors and produce
good performance.
This paper also has some limitations. Due to time and energy limitation, we just focus on
the identification of key factors from the perspective of model uncertainty. Other uncertainty
such as data and parameters uncertainty can be taken into consideration in the future research.
We just choose some widely used models as key factors in one type of text-based forecasting
framework and our conclusions may be different if another text-based forecasting framework is
employed.
Appendix
Experimental setup and feature selection results for one step forecasting
• Parameter for random forest regression: min samples split = 2, min samples leaf = 1,
min weight f raction leaf = 0.0, max f eatures = auto;
• Parameter for support vector regression: kernel = sigmoid, max iter = 100;
• Parameter for AdaBoost.RT: n estimators = 30, learning rate = 0.01.
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Table 15. Feature selection results for crude oil
features rf-text (28) svr-text (16) arimax (4,1,3)(4) ada-text(8)
topic1(t-7) X
topic1(t-6)
topic1(t-5)
topic1(t-4)
topic1(t-3) X X X X
topic1(t-2)
topic1(t-1) X X X
topic2(t-7) X
topic2(t-6)
topic2(t-5) X
topic2(t-4) X X
topic2(t-3) X
topic2(t-2) X X
topic2(t-1) X X X X
topic3(t-7) X
topic3(t-6) X X
topic3(t-5) X
topic3(t-4) X X
topic3(t-3) X X
topic3(t-2) X
topic3(t-1) X
topic4(t-7)
topic4(t-6)
topic4(t-5) X X X
topic4(t-4) X
topic4(t-3) X X
topic4(t-2)
topic4(t-1) X
polarity(t-7) X X
polarity(t-6) X X
polarity(t-5) X X X
polarity(t-4)
polarity(t-3) X X
polarity(t-2)
polarity(t-1) X X
dprice(t-3) X X
dprice(t-2) X X X
dprice(t-1) X X X X
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Table 16. Feature selection results for natural gas
features rf-text (18) svr-text (5) arimax (1,2,3)(36) ada-text (12)
topic1(t-7) X X
topic1(t-6) X
topic1(t-5) X X
topic1(t-4) X
topic1(t-3) X
topic1(t-2)
topic1(t-1) X
topic2(t-7) X X X
topic2(t-6) X X
topic2(t-5) X
topic2(t-4) X
topic2(t-3) X X
topic2(t-2) X X
topic2(t-1) X
topic3(t-7) X
topic3(t-6) X X X
topic3(t-5) X
topic3(t-4)
topic3(t-3) X
topic3(t-2) X
topic3(t-1) X X X
topic4(t-8) X X X X
topic4(t-7) X
topic4(t-6) X X
topic4(t-5) X
topic4(t-4) X X
topic4(t-3) X
topic4(t-2) X
topic4(t-1) X X X
polarity(t-7) X X X X
polarity(t-6) X X X
polarity(t-5) X X
polarity(t-4) X
polarity(t-3) X X X
polarity(t-2)
polarity(t-1) X X
dprice(t-3) X X X X
dprice(t-2) X X X
dprice(t-1) X X X X
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Table 17. Feature selection results for gold
features rf-text(31) svr-text(3) arimax(3,2,1)(24) ada-text(5)
topic1(t-7) X X
topic1(t-6) X X
topic1(t-5) X X
topic1(t-4) X X
topic1(t-3) X
topic1(t-2)
topic1(t-1) X
topic2(t-7) X X
topic2(t-6) X
topic2(t-5) X X
topic2(t-4)
topic2(t-3) X X X
topic2(t-2) X
topic2(t-1) X X
topic3(t-7) X X
topic3(t-6) X
topic3(t-5)
topic3(t-4) X
topic3(t-3) X
topic3(t-2) X
topic3(t-1) X
topic4(t-7) X X
topic4(t-6) X X
topic4(t-5)
topic4(t-4) X X
topic4(t-3) X X
topic4(t-2) X
topic4(t-1) X X X X
polarity(t-7) X X
polarity(t-6) X X
polarity(t-5) X X
polarity(t-4) X
polarity(t-3) X
polarity(t-2) X X
polarity(t-1)
dprice(t-4) X X
dprice(t-3) X X
dprice(t-2) X X X X
dprice(t-1) X X X X
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